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We apply Machine Learning(ML) algorithms on AME2016 data set to predict the Binding Energy
of atomic nuclei. The novel feature of our work is that it is model independent. We do not assume
or use any nuclear physics model but use ML algorithms directly on the AME2016 data. Our results
are further refined by using another ML algorithm to train the errors of the first algorithm, and
repeating this process iteratively. Our best algorithm gives σrms ≈ 0.58 MeV for Binding Energy on
randomized testing sets. This is better than or comparable to all physics models or ML improved
physics models studied in literature. This work also demonstrates the use of various ML algorithms
and a detailed analysis on how we arrived at our best algorithm. We feel that it will help the physics
community in understanding how to choose an ML algorithm which would be suited for their data
set. Our algorithms and best fit model is also made publicly available for the use of the community.
I. INTRODUCTION
Ernest Rutherford discovered the atomic nucleus in
1911 from the scattering of alpha particles by gold foil
[1]. The nucleus contains positively charged protons and
electrically neutral neutrons. The entire mass of an atom
is concentrated on nucleus whose dimension is few fem-
tometers (10−15 meters) whereas the size of an atom is
few angstroms (10−10 meters). An atom denoted by AZX,
has mass number A = (N + Z), where N is the num-
ber of neutrons, and Z is the number of protons. The
number of electrons is the same as protons. One of the
fundamental tasks in nuclear physics is to explain how
the positively charged protons (along with the neutral
neutrons) can be packed into such a small volume de-
spite the Coulomb repulsive force between the protons.
It has of not yet been possible to explain that from fun-
damental QCD calculations and we have to depend on
phenomenological models of nuclear structure. One of
the key quantities calculated from nuclear models is the
binding energy. The binding energy (BE) of the nucleus
is defined as, BE(Z,N) ≡ Zmp+Nmn−M(Z,N), where
mp, mn and M(Z,N) are the individual mass of proton,
neutron and total mass of the nucleus, respectively [2].
The BE is one of the fundamental properties of atomic
nuclei and most of the other properties of atomic nuclei
like mass, decay lifetimes and reaction rates are governed
largely by the BE. It also plays a significant role in vari-
ous nuclear structure informations, such as nuclear pair-
ing correlation, shell effect, deformation transition, and
so on [3]. The BE is also used widely to constrain the
parameters of the theory of nuclear effective interactions
[4].
In recent years, the experimental measurements of nu-
clear BE have achieved a great success, in the last atomic
mass evaluation AME2016 [5], 3435 nuclei have been
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measured in the laboratories around the world. However,
several of them (≈ 25%) are not strictly determined ex-
perimentally. The BE of these nuclei has been measured
by the trends from the mass surface (TMS) defined by
the neighboring nuclei. It has been observed experimen-
tally the atomic mass forms a surface when it is displayed
as a function of N and Z and due to pairing energy of nu-
clei, this surface can be divided into four sheets. These
mass sheets are very regular in all places unless there
are changes in nuclear structure in a particular region of
the surface. This regularity in the mass surface is one of
the basic properties and is employed to obtain unknown,
poorly known, or questionable masses by extrapolation
from the well-known nearby mass values on the same
sheet.
Many nuclei of astrophysical relevance still remain be-
yond the experimental reach [6–8]. Thus, theoretical
modeling of nuclear theory that extrapolate BE into un-
known regions of the nuclear chart becomes very impor-
tant. Unfortunately, theoretical modeling of nuclei to
predict BE is challenging due to the uncertain theories of
nuclear interaction and difficulties in the quantum many-
body calculations[9–11]. The first mass formula for pre-
dicting BE of a atomic nuclei is the Bethe–Weizsa¨cker
(BW) mass formula [12, 13]. This model was based on
macroscopic considerations which assumes that the nu-
cleus is a charged liquid drop. It does not account any
microscopic effect, such as shell effect. Later, the macro-
scopic–microscopic models were developed by taking into
account the microscopic effects, such as the finite-range
droplet model (FRDM) [14] and the Weizsa¨cker-Skyrme
(WS) model [15]. There also exists microscopic mod-
els which are completely based on Density Functional
Theory (DFT). There are two types of DFT calcula-
tions, one type is based on non-relativistic framework
and other is on relativistic framework. The series of
Hartree–Fock–Bogoliubov (HFB) DFT models on non-
relativistic framework are constructed with the Skyrme
[16, 17] or Gogny [18] effective interactions. More re-
cently, the relativistic mean-field (RMF) models have
been of great interest as they have been able to suc-
cessfully describe various nuclear and astrophysical phe-
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2nomena [19–27]. However, the prediction of BE of these
models differs from experimentally observed values by a
Root-Mean-Squared-Error σrms ≈ 3 MeV for BW model
[28, 29] to σrms ≈ 0.3 MeV for WS model [15]. More-
over, the error is not uniform over all mass ranges. The
predictions are very divergent (even up to tens of MeV)
for lighter nuclei A < 16 and also when extrapolated for
heavy nuclei which have a large proton neutron num-
ber asymmetry. The accuracies of these models are not
sufficient for studying excited nuclear states or for astro-
physical applications like constructing crusts of neutron
stars. Therefore, there is lot of room for improvement
in the accuracy of BE prediction for nuclei in any mass
range and also for any exited states.
In recent years, Machine Learning(ML) algorithms are
being widely used in fundamental research, and physics
is no exception for converting information into knowledge
(see [30, 31] among others). Machine Learning provides
a powerful tool to classify and to predict patterns even in
complex data sets. The historical overview of the devel-
opment of the field can be found in Refs. [32, 33] and the
recent introduction to machine learning for physicists in
Refs. [34, 35]. In the prediction of nuclear mass, learn-
ing algorithms (neural networks) was applied in 1992 [36]
followed by a series of works which further developed
the predictive accuracy [37–39]. It was also employed to
study other nuclear properties such as nuclear β− de-
cay half-lives [40]. More recently, further improvement
has been done by employing Bayesian Neural Network
(BNN) on predictions of nuclear masses [8, 41] and nu-
clear charge radii [42]. However, all these previous works
to predict nuclear masses were not completely based on
learning algorithms. They were employed on top of a
base physics model and were used only to improve the
accuracy of that model.
Although our work has been motivated from those past
works, it is novel and unique in the sense that we have
developed an algorithm for nuclear mass/BE prediction
in a model independent way without help of any nuclear
physics models of BE but by only using ML algorithms on
experimental data of the 3435 nuclei given in AME2016
[5]. The only physics input we use is the nucleus is char-
acterized that the number of protons Z and the number
of neutrons N as well as the TMS technique used to ob-
tain some of the BE values in AME2016. The interesting
feature of our work is that, even without having any fur-
ther physics input, our prediction for BE is better than
(or comparable to) all theoretical models as well as those
models where ML algorithms have been used on top of
a base physics model. Further, unlike the above men-
tioned models, the σrms of our model is low even for light
and for heavy nuclei. Since the use of ML is still new in
Physics, another aspect of our work is pedagogical where
we have indicated a step by step procedure in choosing
the optimum ML algorithm for our data set. We have
explored a variety of ML algorithms and compared their
performances side by side. The procedure followed in this
paper is novel because we have used one ML algorithm
as base and have used other ML algorithms to train the
error of the base ML algorithm. The entire algorithm
as well as our best fit algorithm is made available online
for use of physics community for different nuclear physics
and astrophysical applications.
The paper is organized as follows. In Section II we give
a brief outline of the all machine learning algorithms em-
ployed. The results of this work is demonstrated in Sec-
tion III and we conclude in IV. We have two important
appendices in our paper. Appendix A continues a techni-
cal description of our algorithm while Appendix B gives
a detailed description on how to use our code to obtain
the BE of any set of nuclei required by the user.
II. MACHINE LEARNING (ML) ALGORITHMS
ML can be extremely helpful to build statistical models
on experimental data and then use them for predicting
some property about newer data obtained by further ex-
periments. Machine learning can be broadly divided into
two parts:
• Supervised Learning
• Unsupervised Learning
In supervised learning, the data that we have has two
components, features and labels. The task we need to
accomplish is to make a model which can predict the la-
bel of a set of new features, based on the available data
of features and their corresponding labels. Labels are
also known as the ”target variable”. The two main type
of problems that can be solved using supervised learning
are classification and regression problems. In classifica-
tion problems, the target variable is a set of finite and
discrete values called ’classes’, and the task is to build a
model which can assign the set of data points to one of
the classes. In a regression problems, the target variable
is a continuous valued variable, and the task is to build
a model which can estimate the value of the target vari-
able for a given set of features. In unsupervised learning,
the data that we have is unlabeled, and the task is to
build models that transform the data into some useful
information depending on the problem we are trying to
solve.
The problem we are trying to solve falls in the cate-
gory of a supervised learning, regression problem. Our
features are the atomic number (Z) and neutron number
(N) of the nuclei and the target variable is the binding
energy of the nuclei. So our task is to build a model using
a labeled dataset, that can estimate the value of binding
energy of a nucleus given its atomic and mass number.
The major algorithms that can be employed to build
regression models from labeled data are :
Linear Regression (LR)- Linear Regression tries to
fit an equation of the form y = a0+a1x1+a2x2+a3x3+...
to the data where y is the target variable and x′is are the
features. The algorithm uses gradient descent on a cost
3function in the parameter space to find an optimal set of
parameters a′is. In our case, the equation will be of the
form BE = a0 + a1Z + a2N .
Decision Tree (DT)- Decision tree works by divid-
ing the dataset into smaller parts which are similar in
nature based on metrics like information entropy, vari-
ance, and impurity. It can fit non-linear functions be-
cause it basically works by dividing the entire feature
space into cuboids and then making independent predic-
tions in those cuboids.
Random Forest (RF)- Random Forests are an en-
semble of decision trees. They generally perform better
than decision trees because they average out the errors
made by individual decision trees in the ensemble[43].
Polynomial Regression (PR) In polynomial regres-
sion, we try to fit a n-degree polynomial to the data. For
that, we create all polynomial features of degree less than
or equal to n (For example, features of degree less than or
equal to 2 would be 1, Z,N,Z2, N2, ZN) and then per-
form linear regression on that feature space.
Support Vector Machines (SVM)- Support Vector
Machines (SVM) make non-linear regression very easy
because of the kernel trick. The SVM algorithm works by
computing a similarity measure between two points in the
feature space, we can define this similarity measure using
a kernel which will effectively map all the points into a
higher dimensional feature space, in which our data can
be linear[44]. The most popular kernel is the Gaussian
(or radial basis function (rbf) ) kernel because it maps
our feature space to an infinite dimensional space. The
rbf kernel has the following form:
k(xi, xj) = exp(−γ||xi − xj ||2)
Error training on base ML algorithm- We have
designed a error training algorithm over ML algorithms
as a base predictor, we expect that it may be possible
to estimate the error by the base algorithm using an-
other machine learning algorithm on top of it. This ad-
ditional algorithm, which will be trained on the difference
of the actual and predicted values (by base algorithm) of
binding energy might capture some features of the data
which the base algorithm failed to capture. This process
may be repeated until the error becomes completely ran-
dom and unpredictable by the ML algorithms. We used
Random Forest for making error estimation algorithms
because it can be applied to a wide range of data distri-
butions. Since in our case, the pattern of error will keep
on changing as we iteratively subtract the error predic-
tions from previous models, it becomes important to use
an algorithm that can fit to a wide range of data distri-
butions. We used a validation set to keep track of the
error after each iteration of error estimation and counted
the number of iteration required (depending on the base
algorithm) for the error to become completely random,
then we use those number of iterations of error estima-
tion on the test data.
Error training on base ML algorithm can also be under-
stood as an instance of Stacked Generalization[45] [46].
To quote Ref. [45], “Stacked generalization is a generic
term referring to any scheme for feeding information
from one set of generalizers to another before forming
the final guess.”. Our method perfectly fits this defini-
tion. According to the terminology used in Ref. [45], our
base model is a “level-0” estimator, and the n Random
Forest models that we are using are “level-1”, “level-2”....
“level-n” estimators. For our base model (level-0 estima-
tor), the output space is the values of BE, because it is
trained on the AME2016 dataset directly to predict the
BE from Z and N , but for our level-1 estimator, the
output space is the Errors of level-0 estimator. Because
our first RF model (level-1) is trained to predict the dif-
ferences in level-0 predictions and actual AME2016 data.
So, our level-1 estimator corrects for the errors made by
the level-0 estimator. Similarly, the level-2 estimator cor-
rects for the errors made by the level-0 estimator and
level-1 estimator combined. Therefore, the level-2 esti-
mator’s output space is the Error of level-0 and level-1
estimator combined. More Generally, for the level-x es-
timator, the output space is the Error of level-0, level-1
. . . . level-(x-1) estimators combined.
An interesting feature of our procedure is that, we don’t
fix the number of levels above level-0 (denoted by n) be-
forehand. We treat this n as a hyperparameter and tune
it for different level-0 estimators using a validation set
because the optimal value of n depends on the algorithm
used at level-0.
Neural Network- Neural networks are a class of ma-
chine learning algorithms that are loosely inspired by
neurons in the human brain. The neural network is also
a powerful tool to understand the complex dependency
in the data. It is a mathematical function that maps
a given input to the desired output. A neural network
consists of hierarchical layers made of neurons (the basic
unit). We will consider neurons with a vector of I input
signals x = {xi}Ii=1 (in our case, I = 2 and x1 = Z and
x2 = N) and an output signal y(a) (in our case y = BE),
which is a (often non-linear) function of the activation
a =
∑
i wixi, where w = {wi}Ii=1 are the weights of the
neuron. The sum runs from either 1 to I, or from 0
to I if there is also a bias (b ≡ w0). The architecture
of our neural network is shown in figure 1. It contains
one hidden layer having 30 nodes, each activated by a
ReLU activation function. Any activation function can
be chosen depending upon the problem at hand. Some
commonly used activation functions are: elu, softmax,
selu, softplus, softsign, relu, tanh , sigmoid, linear and
exponential. Training the neural network involves find-
ing the weights and biases by minimizing a loss function
given the training data. The choice of the loss function
depends on the type of data and the desired prediction.
Depending upon the non linearity of the problem one can
use many layers of neurons each with different number of
nodes. The choice of the number of layers and nodes is
the art of optimization. A schematic representation of a
neural network is given in Figure 1. Since we are inter-
ested in minimizing the mean squared error, in this work
4Figure 1. The schematic diagram of an artificial neural
network (ANN).
we have used the loss function given below,
L(w, b) = (1/N)
∑
i
(yˆi(w, b)− yi)2 (1)
where yi is the experimental data and yˆi(w, b) is the pre-
diction of neural network.
For this work we have implemented ML and Artificial
Neural Network(ANN) algorithms by using Python pack-
ages TensorFlow2.0[47], Keras[48], and Scikit-Learn[49].
III. RESULTS
The goal of this work is to predict the nuclear bind-
ing energy (BE) of atomic nuclei via ML algorithms in
a model independent way. As mentioned in the intro-
duction our only physical input is that Z and N are two
distinct physical properties of a nucleus. We do not as-
sume any nuclear models in our work. Our data set is
AME2016 [5], where we only look at Z, N and BE data
of all nuclei. We break our data set randomly into 60%
training data 20% validation and 20% testing set. In the
first part we chose the base algorithm of ML which gives
the lowest σrms. In the second part we train the error
obtained from the base algorithm to further reduce the
σrms on the test set.
The first step in applying machine learning to any data,
is to visualize the distribution of the data. The plot of
Binding energy vs. (Z,N) is given in Figure 2. From
Figure 2 (right) it seems that the data is fairly linear and
can be fit well by a simple linear regression, however,
upon closer inspection, it can be seen that the plot is
actually slightly curved, and we need nonlinear models
to fit the data. The curvature in the plot can be observed
from a particular orientation of the axes as shown Figure
2 (left). It is evident from the figure that non-linear
models will fit the data better than linear regression, but
the error in linear regression can be used as a benchmark
for other non-linear models.
The RMS error (σrms) on test set on using LR comes
out to be ∼ 45.78 MeV. The linear regression is given
by the equation BE = 8.3 Z + 6.7 N . This error will
now serve as a benchmark for us, because any non-linear
model should perform better than this on our data. If
that is not the case, it implies that we need to tune the
hyperparameters of that model. We also plot the predic-
tion error against the neutron number (N) of the nuclei in
Figure 3 (top left). In DT, the σrms on the test set reduces
and is ∼ 8.22 MeV which is very less as compared to lin-
ear regression. It has also captured the non-linearity.
The graph of error vs N appears to be very random and
does not show any pattern upon inspection (see Figure 3
(top middle)). The RF fits the data better than decision
trees, it gives an σrms of ∼ 2.18 MeV on the test set. The
graph of error vs N for random forest is shown in Figure
3 (top right). It is more concentrated as compared to
decision tree graph which shows that the prediction has
improved but still we can’t clearly see a pattern in the
error. In case of PR, the degree of the polynomial is a
hyperparameter which needs to be tuned. We have tried
out various degrees and tested it on a validation set and
see the trend in the error and then have chosen the degree
with the least error. The error on validation set becomes
minimum for the degree 6, therefore we try to fit a 6 de-
gree polynomial to the training set. The σrms on test set
for polynomial regression is ∼ 2.58 MeV. The graph of
error vs N ,(Figure 3 (bottom left)) shows a pattern. It
peaks at certain values of N and remains close to zero for
others. By using Gaussian kernel in SVM (parameters:
C = 5 × 105, γ = 5 × 10−4) the error by SVM on test
data was ∼ 1.81 MeV, which is lowest among all models
which were tried out. The error vs N plot is shown in
Figure 3 (bottom right). It shows similar pattern similar
to what was obtained for polynomial regression.
Since we observe that a specific pattern arises on plot-
ting error against neutron number N (see Figure 3), it
is justified to train these error by another ML algorithm
to reduce the σrms. We train our Base Model on the
training set and obtained the Root-Mean-Squared-Error
(σrms) on the testing set, which we denote as σ
i
rms. By
using a non-linear error estimating algorithm on top of
base algorithms, we can further capture the non-linearity
of the data. The algorithm which is used in error training
for our data set is Random Forest, as justified in Section
II. The number of Random Forest models, n is consid-
ered on top of the base model until the σrms saturates.
The final σrms is calculated on the testing set and is de-
noted by σfrms. In Figure 4 we plot the σrms vs number
of iterations in error training for all base ML algorithms.
Apart from the above-mentioned Machine Learning al-
gorithms, we also use artificial neural networks(ANN) to
make predictions of the BE. We again use AME2016 data
set and followed same treatment to train, validate and
test the neural network. It is to be noted that, currently,
there are no rules on selecting the proper number of lay-
ers and nodes but is more of an art in network training.
For our dataset, we managed to obtain a σrms ∼ 5MeV
on test sets for the best optimized ANN which is higher
than our best results using Machine Learning algorithms.
5Figure 2. (left) The 3D variation of binding energy (BE), (right) 3D view of the same from different angle with respect to Z
and N of AME2016 data [5].
Figure 3. Error in individual data points corresponding to neutron number (N) calculated for (top left) Linear Regression,
(top middle) Decision Tree, (top right) Random Forest, (bottom left) Polynomial Regression and (bottom right) SVM base
algorithms of AME2016 data set.
Figure 4. The plot for the σrms of combined model versus number of Random Forest iterations on top of base models (top left)
Linear Regression, (top middle) Decision Tree, (top right) Random Forest, (bottom left) Polynomial Regression and (bottom
right) SVM base algorithms of AME2016 data set.
6Instead of using an ANN alone we have improved the
network by having by a Linear Regression base model
and training the ANN on that. The lowest σrms we have
got via this approach is σrms = 2.30 MeV. The network
architecture is plotted in Figure 5 (left). The Loss func-
tion chosen is ’mean squared error’ and is plotted for
both test and train data as a function of epoch in Fig-
ure 5 (right). This shows the network loss function is
properly minimized. As mentioned above, in the predic-
tion of BE of a nuclei directly via learning algorithm, the
Machine Learning algorithms gives better performance
rather than Neural network.
The results of all the base ML algorithms along with
subsequent error training by Random Forest is summa-
rized in Table I. As can be seen from Table I, the best
results are obtained from base model SVM and subse-
quent error training by random forest up to n = 10.
This model will be referred to as MIML model in the
rest of the paper. The reported values of RMSE for var-
ious models vary within ± 0.1MeV if we choose different
sets for training and testing. We have avoided overfitting
the models by having a validation set (which was not a
part of the training set) and keeping track of the error on
validation set. If the error on the training set becomes
very low and the error on the validation set begins to
diverge, it shows that the model has been overfitted. We
have considered only those many Random Forest models
on top of the base model, for which the validation error
did not diverge. However, there is still a possibility for
the model to overfit in the very first Random Forest iter-
ation itself, so to avoid that, we have fixed the maximum
depth of the estimators in Random Forest to be 30. This
will prevent overfitting in the first iteration itself, and
then we control the number of Random Forest models to
handle overfitting for the combined model.
Table I. The σrms error of Base ML models (σ
i
rms) as well as
error trained model (σfrms) is outlined. n Random forest mod-
els on top of the base model are considered for error trained
model. All the errors are for the test set only
Base Model σirms n σ
f
rms
(MeV) (MeV)
LR 45.78 3 1.65
DT 8.22 6 6.32
RF 2.18 4 1.56
PR 2.58 4 1.18
SVM 1.81 10 0.58
In Figure 6(top) we plot the difference between pre-
dicted BE using MI-ML algorithm and AME2016 BE
data verses proton number Z. As mentioned above, Our
MIML algorithm is independent of any physics model.
The only physics input going into this is that a nucleus
is characterized by Z and N . Most mean field theories
of nuclear models predicts BE with high errors for very
light nuclei and also for heavy nuclei which have a large
proton neutron number asymmetry. As a result any ma-
chine learning algorithm used on top of a physics based
model will inherit the drawbacks of the model. Our al-
gorithm, being model independent, does not suffer from
such weakness and we train and test on the entire data
set of AME2016. Since we have sufficient experimental
data in the regions where physics models do not per-
form well, our machine learning models prediction shows
a very good match with experimental results. As can be
seen from Figure 6(top) our predictions match the ac-
tual BE values for all values of Z, including those for
light, heavy as well as magic nuclei. The σrms for light
nuclei below Z < 20 is 505 KeV. For nuclei between
20 ≤ Z ≤ 92 the σrms is 248 KeV while for heavy nuclei
Z > 92 it is 127 KeV. 1 Our MIML model performs very
well in regions where there are no good physics theories
available yet. Our model will prove to be very useful in
predicting BEs of isotopes of heavy nuclei which are very
difficult to produce in lab. For magic nuclei which have
Z or N as 2, 8, 20, 28, 50, 82, 126 the σrms of our MIML
model is 0.024 MeV.
Because of the afore-mentioned weakness of the physics
models, most of works carried out in literature so far
study only the intermediate mass nuclei. We also com-
pare our result with some well known theoretical mod-
els as well as theoretical base model with artificial neu-
ral network error training models in this mass range.
To have a comparison on the same footing we choose
the 46 nuclei in the 40Ca - 240U region which were not
in AME2012 [29] but was newly added in AME2016
(as was done in [50]). For the purpose of this com-
parison we do not include these 46 nuclei in the train-
ing set. Figure 6(bottom) shows the comparison of
BEpredict − BEAME2016 of MIML algorithm with HFB-
19 [51], Duflo-Zuker [52], FRDM-2012 [14], HFB-27 [53],
and WS3 [54] as well as Bayesian Neural Network (BNN)
improved Duflo-Zuker and HFB-19 models [50] for these
46 nuclei. In Table II we compare the overall σrms of the
MIML model with that of the above mentioned models
for these 46 nuclei. From II it is clear that the overall
σrms on our MIML model is less than all the theoret-
ical models and is very close to the Duflo-Zuker BNN
improved model. However, unlike all those models, our
model is completely Machine Learning based and does
not depend on any assumptions of any underlying physics
models and hence will be valid in all mass ranges
IV. CONCLUSIONS
In keeping with the importance of BE in nuclear
physics, 3435 nuclei have been measured (or extrapo-
lated) in the laboratories around the world in the lat-
1 Note that these values are for the entire data set, i.e. it includes
training, validation and test sets. Hence the error here is lower
than the one reported in Table I which was for the test set only
7Figure 5. (left) A schematic diagram of our ANN algorithm (right) and the plot for the loss function verses number of epoch
of the ANN model.
Table II. σrms of the predictions of various models for the 46 nuclei in the
40Ca - 240U region that appear in the latest AME2016
[5] compilation but not in AME2012 [29].
Model HFB-19 DZ FRDM-2012 HFB-27 WS3 HFB19-BNN DZ-BNN MIML
σrms 1.093 1.018 0.997 0.723 0.513 0.587 0.479 0.501
Figure 6. (a) The difference of binding energy (BE) between
MIML predicted algorithm and AME2016 data set verses pro-
ton number Z, (b) the difference of BE is compared with some
well known nuclear models for newly compiled mass values for
46 additional nuclei in the 40Ca - 240U region in AME2016 as
compared to AME2012. It is to be noted that to check the
robustness of our algorithm those 46 nuclei was not part of
the training set in this case.
est atomic mass evaluation AME2016 [5]. However a lot
of excited and asymmetric neutron rich nuclei required
in astrophysical context cannot be produced in the lab.
Theory also cannot come to the aid of experiments in this
case. The values of BE obtained within present theories
differ from experimentally observed values by σrms ≈ 3
MeV for BW model [28, 29] to σrms ≈ 0.3 MeV for WS
model [15]. The error in the prediction in these theo-
ries is actually much larger for lighter nuclei and heavy
nuclei with large neutron fraction which is relevance for
astrophysical studies.
In recent years, to overcome these problems in both
theory and experiment, several attempts have been made
to use ML algorithms on top of physics base models to
predict the BE. In these approaches, some physics model
is used to calculate the BE. The difference between this
prediction and the experimentally observed values of BE
forms the dataset which is then trained using ML algo-
rithms. However, apart from the complexity of calculat-
ing the BE using some physics model, it is expected that
these approaches will inherit some of the weaknesses of
the model itself. In this paper, we take the next logical
step on this road by eliminating the need of any base
physics model. To the best of our knowledge, this has
not been attempted in literature before. We take the
AME2016 data [5] and allow the ML algorithms predict
the BE. This we do via a two step process: the BE is cal-
culated using some ML algorithm and the error of this
algorithm is further trained using another ML algorithm.
We obtained the best results by using SVM as the base
ML algorithm followed by 10 error training Random For-
est algorithms. This model we denote as MIML model. A
step by step exploration of various ML algorithms along
with the justification of arriving at the best one is given
in the paper to help starting researchers to stop taking
ML algorithms as a black box.
The key result of our work is that even with no
physics inputs from theoretical nuclear physics models,
8the MIML model has a σrms ≈ 0.58 which compares fa-
vorably with all the theoretical and ML improved theo-
retical models studied so far. 2. Further, since there is
no physics base model, there are no problems for light
and heavy nuclei. The σrms obtained in MIML model
for light nuclei below Z < 20 is 505 KeV and for nuclei
between 20 ≤ Z ≤ 92 is 248 KeV while for heavy nuclei
Z > 92 it is 127 KeV. hence, in the ranges which are dif-
ficult to reach theoretically or experimentally, our model
performs very well. We feel this model is going to be
extremely useful in determining BE of short lived nuclei
and has applications in constructing crusts of neutron
stars. Our code for obtaining BE values for any nuclei
of choice is made publicly available for use in research
purposes along with step by step instructions given in
Appendix B. This work can be taken as proof of con-
cept. It is possible that using more advanced Bayesian
Neural Networks or Convolutional Neural Networks will
further reduce the σrms and that will be attempted in a
future work. We can also use our MIML model to predict
other nuclear ground state properties and compare with
the pedictions of well understood nuclear physics mod-
els as well as compare with experimental values given in
AME2016. We can also attempt to train ML models on
other nuclear properties such as nuclear charge radii, β−
decay half-lives, and so on. This will be attempted in a
future work.
Although in this work we show that we do not need
any nuclear physics model to predict the BE, that in
no way diminishes the importance of theoretical model-
ing. The role of theoretical models go way beyond pro-
ducing numbers. A theoretical model also indicates the
actual physical mechanisms behind the properties being
predicted. Since each term in the model is physically
motivated, a theoretical model which comes close to ex-
perimental predictions also identifies what are the actual
physical processes which are important in that energy
scale.To have a theoretical understanding of any system,
a physics based model is necessary. ML algorithms can-
not replace physics modeling in that respect.
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Appendix A: Algorithm
In this appendix we give a more technical formulation
of the algorithm used. We start by choosing a base model
out of LR, DT, RF, SVM, PR, and we train the model
on our training data. We tune the model parameters
to avoid overfitting and underfitting using a validation
set. We use the trained model to make predictions on
the training data itself and we store those predictions in
current estimates array. We initialize a variable count
with the value 1 which will keep track of how many Ran-
dom Forest models are needed before the RMSE con-
verges. We also initialize two arrays error estimates
and error models. Then we run a loop until the RMSE
on validation set converges, and inside the loop we com-
pute the difference in the actual data used for training
(y train) and the current estimates array, and then
train a Random Forest model to predict these differences,
and we update the current estimates array by adding
the difference to the previously predicted values. We also
store the Random Forest models in an array to reuse
them for testing.
For testing, we first use the base model to make predic-
tions on the test data, and then we use the count num-
ber of Random Forest models to make prediction about
the difference in those values. We the add those differ-
ences to the prediction to get an improved prediction. A
schematic description of the algorithm is given in Algo-
rithm 1.
Appendix B: Program overview
The best algorithm of this work (MIML) is made pub-
licly available via GitHub so that the physics community
is able to use to different applications. The summarized
algorithm is given in Appendix A. The details of the pro-
gram is as follows.
Installation– The repository containing
the trained models is uploaded on GitHub
link : (https://github.com/be-prediction-
bitsgoa/nuclear-mass-prediction). To get the
model running, click on the link provided and clone the
repository or download it as a .zip file and unzip on local
machine. Move into the folder containing the following
files:
1. base model.sav
2. error model 1.sav
3. error model 2.sav
4. error model 3.sav
5. error model 4.sav
6. error model 5.sav
7. error model 6.sav
9Algorithm 1 Error Training and Testing
1: //Training base model
2: base model.fit(X train, y train)
3: current estimates ← base model.predict(X train)
4: count ← 1
5: error estimates ← []
6: error models ← []
7: //Repeated Error training and saving models in error models array
8: while RMSE on validation set not converged do
9: error ← y train - current estimates
10: error models[count] ← RandomForest.fit(X train, error)
11: error estimates ← error models[count].predict(X train)
12: current estimates ← current estimates + error estimates
13: count ← count+1
14: Compute RMSE on validation set
15: end while
16: //Testing on Test data
17: test estimates ← base model.predict(X train)
18: for i = 1, 2...count do
19: error estimates test ← error models[i].predict(X test)
20: test estimates ← test estimates + error estimates test
21: end for
22: Final Prediction on Test Set is test estimates
8. error model 7.sav
9. error model 1.sav
10. error model 8.sav
11. error model 9.sav
12. error model 10.sav
13. driver.py
14. requirements.txt
The .sav files are the trained models in pickled form, and
driver.py is the python script which will run these models
to make prediction. The program has a few dependencies
that need to be installed before running the script.
1. System must have python3 (64-bit) to run driver.py
script.
2. System must have pip downloaded. Pip is a pack-
age manager for python and it is required to fa-
cilitate installation of other python libraries like
NumPy, Pandas, Scikit-learn etc.
3. Open terminal (for ubuntu) or command prompt
(for windows) in the directory containing the above
mentioned files.
4. Install all the required libraries by invoking the fol-
lowing command in terminal/command prompt:
pip install -r requirements.txt
Prediction– To make prediction using the models,
a csv file needs to be created in the same folder as the
driver.py file. This csv file will contain the Z and N values
of the nuclei for which predictions are to be made. The
csv file must contain 2 columns, first one for Z and second
one for N. The columns should not have any headers.
Save and close this csv file before running driver.py.
Now, run driver.py through command line by typing
”py driver.py” for windows or ”python driver.py” for
ubuntu systems. Upon running, there will be a prompt
asking for the name of the csv file where the test data is
kept. Enter the name of the file along with the .csv exten-
sion and press Enter. The binding energy predicted by
the models for the nuclei specified in the csv file will be
displayed on the terminal/command prompt in tabular
form.
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